Abstract ---Digital image enhancement has been a hot topic during the past decades. In this paper, we have established a new fusion based approach for impulse noise reduction from multi-sensors images. Image fusion is an important technique used in remote sensing, military and medical applications. In the proposed approach, firstly, only the uncorrupted pixels from multi-sensor images are grouped and then all those grouped pixels are filter with another state of the art approach for optimal results. The proposed approach is tested with several noisy images by finding the Mean Square Error, Peak Signal to Noise Ratio and Mutual Information values between the original and restored images. The experimental results show that the proposed algorithm outclasses all methods that individually de-noised and fused images.
I. INTRODUCTION Digital images are normally degraded by impulse noise. The most vital task is to attenuate this noise while keeping image details. Literature has many studies regarding the said issue. The widely used impulse noise filter is median filter [1] , but it affects the edges of original images especially when the noise level is high. Different remedies of the median filter have been proposed, such as Weighted median filter [2] , center weighted median filter [3] . All these filters calculate the median of each pixel nevertheless if the current pixel is affected or not. Moreover, it produces serious image blurring and can disturb noise free pixels.
Early settled switching median filters provide good results only at smaller noise density [4] . A soft-switching impulse detector at the expense of computational complexity works on highly corrupted noisy images [5] . The Progressive Switching Median Filter (PSMF) contains several iterations bringing down the computational efficiency [6] . [7] Proposes a more efficient Switching Median Filter. (Krishnan filter) based on [8] [9] , which makes possible a perfect removal of impulse noise from images corrupted with salt and pepper noise and maintains a good computational efficiency. Switching median filters with Boundary Discriminative Noise Detection performs well and can achieve pleasing result even noise density up to 90% [10] . However, it is too time-consuming to be used in real applications. Directional switching median filter detect only impulse noise corrupted pixel in same way like BDND but with a bit modification [11] . A layer discrimination using non-zero adjustment element elimination and pixel restoration wiener filter approach for poisson and impulse noise detection and restoration outclasses all the stated approaches [14] . It can detect and recover corrupted pixels in an efficient way. However, it has the limitation of window size adoption and tiny character adjustment.
The idea presented in [10] [11] and [14] perform well only for single image. However, real word applications like military operation, radar images, medical application and remote sensing where we have multiple images of the same scene can differently noised due to sensors features, conversion and objects shape and proximity. The characteristic of impulse noise is arbitrarily disseminated over the whole image make the position of the same affected pixels different in each image. It is because of the uncertainty of the impulse noise. Therefore, we need syndicate the degraded pixels of all the available images into one separate image to enhance the quality and to reduce the noise absolutely. Image fusion is the process of combining multiples images in to a single image which holds the meaningful information from all images [12] [13] . In this paper, we have established a new fusion based approach for impulse noise reduction from multi-sensors images. The quality of the filtered images is more prominent than idea presented in [10] and [11] .
The paper is organized as section II shows the analysis of impulse noise in images. Section III introduces the proposed fusion algorithm for impulse noise reduction. Section IV shows extensive simulation results and section V contains conclusion.
II. IMPULSE NOISE MODELS Noise Model 1
In noise model 1, X-ray image grayscale values are corrupted by two static values "0" or "255" generated with the same probability. i.e. if pixel value in an image at location (i, j) with grayscale value s i,j , then the corresponding pixel of the noisy X-ray image will be x i,j , in which the Probability Density Function of x i,j is:
Where 'p' is the noise density [11] .
Above equation 1 describes that each pixel has probability of "P/2ெ which means that each pixel value is corrupted by either a "0" or a "1" and has a probability "1-pெ to be noise-free pixels. Similarly, equation 2 shows that if "nெ denotes the number of trials that's total number of pixels and "rெ denotes the number of success that's pixels corrupted with noise having a probability "pெ and probability "1-pெ for noise free pixels, then the Probability Density Function f(x) of an image corrupted with impulse noise can also be expressed as:
In this technique, the density of noise within the window can be calculated by equation 2 where "N A" represents the number of impulses and "N" represents the total number of pixels. It can express mathematically as:
Noise model 2 is very much related to noise model 1; however, each grayscale value might be degraded by either "0" or "1" salt or pepper noise with unequal probabilities. Equation 3 illustrates noise model 2.
p1, for x = 0 f(x) = 1-p, for x = s i,j 3 p2, for x = 255
Where p = p1 + p2 is the noise density and p1! = p2 [11] .
Noise Model 3
In this model, instead of two fixed values, the grayscale values are corrupted by two fixed ranges that appear at both ends with a length of m each, respectively. For example, if "m" is 10, then the grayscale value can get any value in a range of [0, 9] p/2m, for 0 < = x < m f(x) = 1 -p, for x = s i,j 4 p2/m, for 255 -m < x < = 255
Noise Model 4
Noise model 4 is related to Model 3 and the grayscale value is corrupted by two fixed ranges but with unequal probabilities as described in noise model 2. That is: p1/m, for 0 < = x < m f (x) = 1 -p, for x = s i,j 5 p2/m, for 255 -m < x < 255
Where p = p1 + p2 and p1! = p2 [11] .
III. PROPOSED FUSION ALGORITHM
The proposed fusion algorithm for noise reduction consists of three phases. In the first phase, multi-sensor noisy images undergo an impulse noise detection approach to check for corrupted and noise free pixels. In the next phase, we will fuse all the uncorrupted pixels into a separate individual image and finally, the fused image undergoes through a second state of the art approach. The steps for the proposed algorithm are presented below:
Suppose "Ni" is the affected noisy image
Having size MXN of a body or sight acquired by sensor "Si" Where I can be from 1to n.
"F" denote fused image while "Rest" represents the restored image.
2. For each noisy image, noise boundary N1, N2,….Nn and "BM" (Binary Map) are computed by idea presented in [14] .
3. Noise density is calculated and the image Which has the lowest noise level is allocate to "F". ND 5. The final noise restoration is performed using idea presented in [14] . 6. The "BM" is amended similarly to the restored image.
7. If the restored image having some corrupted pixels Then Go to Step 5. Steps 5-7 are repeated until we get a noise free restored image "Rest".
The proposed approach does not individually de-noise each image before fusion. It only denoised the fused image and this decreases the computational complexity and time. The advantage of fusion approach is to get a highly enhanced image compared to individually de-noised images. " Fig. 1 " shows the block diagram of the proposed approach.
IV. EXPERIMENTAL RESULTS
The performance of the proposed filter is tested against [10] [11] and with simple fusion approach on a variety of standard test images. Objective comparisons of the performances of these filters on images corrupted by various impulse noises are made with the Mean Square Error (MSE), Peak Signal to Noise ratios (PSNR) and Structure Similarity Index (SSIM) of the images restored by them. Table 1 and table 2 shows the MSE and PSNR values of proposed and all cited algorithms. Similarly, we checked the time taken by our proposed algorithm and got acceptable results. Table 2 shows time taken by all approaches. The tables clearly depicts that our proposed approach performs well and outclass all the existing approaches. " Fig. 2 " at the end of the paper shows the SSIM for all approaches.
V. CONCLUSION
In this paper, we propose a fast and reliable approach for multi-sensor impulse noise degraded images. From empirically calculated results, it is evident that the proposed approach reduced the noise in short time calculation and complexity. The tremendous advantage of the proposed approach is that it is simple and can be realized even faster than all existing approaches. The proposed approach can be applied as a real application for image production.
